Two theories have been proposed to explain the observed association between depression and poverty, namely social causation and social drift. Little is known regarding the relative importance of social causation and social drift in low and middle-income countries, where poverty is more severe and where most of the world's depressed individuals live.
Introduction
Depression is a leading cause of health disability globally, and its importance in low and middleincome countries (LMIC) is predicted to increase with demographic and epidemiological transitions (Whiteford et al., 2013) . Depression has also been strongly associated with poverty and deprivation in LMIC (Lund et al., 2010) . These countries carry the greatest burden of poverty (World Bank, 2015b ) and most of the world's depressed individuals live in LMIC (Whiteford et al., 2013 ). Yet little is known about the causal relationships underlying the observed association between depression and poverty in these countries: do circumstances of poverty lead to higher prevalence of depression or do the disability and increased healthcare expenditure associated with depression lead individuals to drift into, or remain in, poverty? Furthermore, do the circumstances in LMIC require us to revise our global view on the poverty/depression relationship, given that the current views on this relationship are based almost entirely on findings from high-income countries? Until recently there has been a dearth of longitudinal datasets in LMIC that allow for exploration of this relationship (Lund et al., 2011) .
In their classic 1992 study, Dohrenwend and colleagues demonstrated the social causation and social selection (sometimes referred to as social drift) mechanisms of the relationship between poverty and mental health, using a sample from Israel (Dohrenwend et al., 1992) . Briefly stated, the social causation hypothesis proposes that the adverse social and economic conditions of poverty (such as financial stress, increased exposure to violence, increased adverse life events such as negative income shocks, lower education, food insecurity, income insecurity and reduced resources to protect individuals from the consequences of adverse life events) increase risk for mental illness. Conversely, the social selection/drift hypothesis proposes that people living with mental illness drift into poverty during the course of their lives, due to disability, reduced economic productivity, increased stigma and increased health expenditure caused by their illness.
Through consideration of the relative effects of ethnicity and socio-economic status, Dohrenwend and colleagues demonstrated that social causation applied more readily to depression, whereas social selection/drift was more applicable to schizophrenia. In a subsequent US study of rural women, social causation was found to provide a better explanation of the association between low economic status and depression than social selection/drift (Simmons et al., 2008) , and a similar trend was found for the association between food insecurity and depression (Huddleston-Casas et al., 2009) . This distinction has frequently led to discounting of the importance of social selection/drift in explaining the observed association between poverty and depression (Saraceno et al., 2005) . This is borne out by the focus of research that has been conducted in LMIC to date. We updated our previous systematic literature review of studies published between 1990 and 2008 (Lund et al., 2010) , to search for longitudinal studies published between 2008 and the present that examined the relationship between depression and poverty in LMIC (see Supplementary information for search methods and findings). All of the 13 included longitudinal studies examined the effect of poverty on depression (social causation), and none examined the effect of depression on poverty status (social drift).
Despite this trend in the epidemiological literature, many of the proposals to address the major population level burden of depression have focused on attempts to scale up mental health treatment services, addressing the social drift pathway, for example in the first Lancet Series on Global Mental Health in 2007, which called for action to scale up mental health services (Lancet Global Mental Health Group, 2007) . Indeed this was also the focus of a major international Delphi priority setting exercise to identify the grand challenges in global mental health, published in Nature in 2011 (Collins et al., 2011) . Of the top five research priorities identified, all focused on the need for research on improved detection and treatment, and none of the top five addressed the need to understand the social determinants of mental health, including the effects of poverty and other social risk factors on mental health (although these were addressed to some extent in some of the lower priority research questions). The notion that social causation and social drift might occur simultaneously in the case of depression has not been addressed in global mental health research, either as a potential area for further research enquiry or an approach to adopt in policy. To our knowledge no previous studies have simultaneously examined social causation and social drift pathways in the same population in LMIC.
Data from the nationally representative South African National Income Dynamics Study (NIDS) offer the first opportunity to concurrently test the two hypotheses which explain the observed inverse relationship between poverty and depression in LMIC, namely social causation and social drift. The NIDS dataset is novel in LMIC because it offers longitudinal data (i.e., the temporal order can be recovered), a large nationally representative sample, a large set of socioeconomic indicators, and a standardised measure of depression: the Centre for Epidemiological Studies Depression (CES-D) scale (Radloff, 1977) . The perspective from South Africa is potentially instructive for our global knowledge of the mechanisms of poverty and mental health in two further ways: firstly, poverty is more extreme than in the high-income country contexts in which social causation and social drift theories have been formulated: according to latest estimates, 21% of South Africa's population live in extreme poverty (below the food poverty line of $25 consumption per capita per month), 39% below the lower bound poverty line ($39 per month), and 63% below the upper bound poverty line ($76 per month) (Budlender et al., 2015) .
Secondly, income inequality is more pronounced, with South Africa's Gini coefficient currently at 65.0, among the highest in the world (World Bank, 2015a) . In addition to scientific importance, the findings are potentially significant from a policy perspective. Until the adoption of the Sustainable Development Goals, consideration of the role of depression in maintaining poverty has been largely ignored in national and international development policy, and mental health was invisible in the targets of the Millenium Development Goals (Miranda and Patel, 2005) . The purpose of this article is to report the first comparison of the relative importance of social causation and social drift mechanisms in the poverty/depression association in LMIC.
Methods

Study participants
The NIDS is the first nationally representative longitudinal household study in South Africa. It is implemented by the Southern Africa Labour and Development Research Unit (SALDRU) in the School of Economics at the University of Cape Town (UCT) in order to track changes in poverty over time (Unit, 2014) . The NIDS is a multi-dimensional study that collects individual, household and neighborhood level longitudinal data, including assessments of income, assets, multiple deprivation and depression, among other variables. A stratified two-stage cluster sample design was employed to determine which households would be included in the base wave of the study. The sample comprised private households from every province, with 400 sampling units mirroring a master sample employed for the national census in South Africa.
Wave 1 of the sample was conducted in 2008 with a nationally representative sample of 28,226 individuals in 7,296 households. The response rate for households in wave 1 was 69%, and the individual response rate within each household was 93.3%. The survey was repeated with the same household members every two years, following up individuals who change their household location over time, and enrolling the new children of women participants. The individual attrition rate was 19% between wave 1 and wave 2, and 16% between wave 2 and wave 3. Data from waves 1, 2 and 3 (collected in 2008, 2010-2011 and 2012 respectively) are publically available.
Of the whole NIDS dataset, this study considers the subset of 11,440 individuals who were 15 years of age or older at the time of the first interview and who were successfully re-interviewed both in the second and the third wave (see Supplementary Data Figure 1 ). Sampling weights were adjusted to take into account unequal response rates across population strata (De Villiers et al., 2013) . Wave 1 dataset version 5.2, Wave 2 version 2.2, and Wave 3 version 1.2 were used in the analyses.
Measures
Sociodemographic variables:
Education was measured in years of completed schooling and categorised as Primary, Secondary, Tertiary and None. Race was self-defined by participants according to the historical 'population group' categorization used in South Africa. Under apartheid, South Africans were categorised into one of four socially defined groups: Asian (or Indian), Black (or African), Coloured (wide grouping of people of mixed ancestry) and White (or European). Place of residence was categorised as urban/rural according to definitions of Statistics South Africa's Census 2001 (Statistics South, 2003) . Household monthly income per capita was calculated as the summation of a wide array of sources, as detailed by Argent (Argent, 2009 ). Participants were categorised as employed, unemployed or not economically active as per Statistics South Africa official classification.
Poverty:
Poverty is a complex concept, which has been variously defined in "absolute" terms (referring to a fixed level of income), "relative" terms, (referring to the level of income in relation to the mean or median of a given population) or "multi-dimensional" terms (a range of indicators of social and economic deprivation, sometimes combined in a composite index of multiple deprivation, such as the Human Development Index, or the Index of Multiple Deprivation) (Toye and Infanti, 2004) . In order to best examine the relationship between depression and poverty, we required a measure of poverty that met the following criteria: (1) it should be a continuous variable as this would be more responsive to change and minimise loss of statistical power; (2) it should be a reliable measure, leading us to exclude income, which is frequently an unreliable measure especially in informal economies where it can be inconsistent, or under-reported for fear of exclusion from social grants or penalisation for undeclared taxable income (Deaton, 1997) ; (3) it should not be multidimensional as this complicates the analysis of its relationship with depression and exacerbates problems of confounding; and (4) it should minimise problems of confounding, for example it should exclude subjective ratings of financial distress, which might be confounded by mood. To avoid these difficulties, we drew on the work of Townsend (Townsend, 1987) who defined deprivation as a measure of the extent of unmet needs, and poverty as the lack of resources required to meet those needs. Therefore in order to measure the resources available to individuals and households, we used exploratory factor analysis (EFA) to identify two latent constructs (individual and household resources or assets) underlying the large set of indicators included in NIDS to represent goods ownership and access to resources.
Similarly to Filmer & Pritchett's (Filmer, 2001 ) approach adopted by the World Bank in the analyses of the Demographic and Health Surveys data, a single-factor EFA solution was considered for each index, and indicators with factor loadings < 0.6 were discarded.
The 10 indicators included in the individual asset index were personal ownership of: radio, stereo, motor vehicle for private use, motor vehicle for commercial use, scooter, bicycle, computer, camera, sewing machine and cellphone. The 21 indicators included in the household asset index were: (1) household ownership of: fridge, microwave, camera, electric stove, satellite dish, private and commercial motor vehicle, TV, computer, VCR/DVD player, lounge suite, stereo, scooter, sewing machine; (2) characteristics of the house: brick walls, tiled roof, electricity, piped water, flush toilet with onsite and offsite disposal; and (3) sources of energy for cooking: electricity.
Depression:
we measured depression by defining a latent variable whose indicators were the items constituting the short 10-item version of the Centre for Epidemiological Studies Depression scale (CES-D 10). The scale was originally developed by Radloff to measure depression in the general adult population (Radloff, 1977) , and is among the top five most commonly used selfreport measures for depression (Wood et al., 2010) . The shortened version has been shown to lose little of the psychometric properties of the original 20-item version (Shrout, 1989) . The questions ask about the frequency of symptoms or experiences of depression during the past week. Responses are scored on a 4-point Likert scale, ranging from 'rarely or none of the time' to 'all of the time', and a higher score represents more severe depression.
It has been previously observed in literature that the positively worded items of the CESD-10 (and, similarly, of its original long version) do not perform adequately in various populations (Cheng et al., 2006; Radloff, 1977) . This was the case in our sample, where the two items showed extremely low correlation with the rest of the scale in all waves and, moreover in the wrong direction. Item-rest correlations varied between +0.19 and +0.30 for item 5 ("I was happy"), and between 0.02 and 0.12 for item 8 ("I felt hopeful about the future"). Therefore these items were excluded from the indicators of the latent variable measuring depression.
Statistical analyses
Sample characteristics were described as the median and interquartile range for continuous variables and frequency for categorical measures. We used structural equation modelling to simultaneously estimate the relationships between the latent constructs representing individual and household assets at each time point and depression at the following time point, and viceversa. As per standard procedure in structural equation modelling, the relationship between latent constructs and their indicators (measurement model) were also simultaneously estimated, in terms of factor loadings. Standardised factor loadings are shown in Supplementary Data Table 7 and 8.
Given the short period of time separating the subsequent waves of the survey (approximately 2 years), we assumed stability of the relationships between poverty and depression during the whole period of observation. The cross-lagged structure of the model is depicted in Figure 1 .
Prior to the estimation of the structural parameters, we assessed the validity of the measurement model for the latent variables measuring depression, individual assets and household assets. The agreement of the measurement model with the data (model fit) was assessed using multiple indices, and the compatibility of the measurements across waves was tested by constraining the relevant measurement parameters to be equal across time and comparing the fit of the model with the unconstrained version (Cheung, 2002) . Table 1 reports the fit indices for the measurement models. Considering the large sample size which justifies the significant value for the χ2 test, the other indices of model fit indicate an adequate fit with the data, according to the common thresholds in literature (Root Mean Square Error of Approximation (RMSEA)<0.08 with a nonsignificant p-close, Comparative Fit Index(CFI) and Tucker Lewis Index (TLI)>0.90) (Hooper, 2008) . Constraining the values of the factor loadings to be equal across the three waves produced a significant decrease in model fit according to the χ 2 test, but only modest changes in RMSEA, CFI and TLI, well below the thresholds that indicate meaningful deterioration of model fit (0.05 for RMSEA and CFI, and 0.01 for TLI). Overall, these results support the hypothesis that our measures of depression and assets perform similarly across waves (metric invariance), making it meaningful to use them to assess longitudinal relationships (Cheung, 2002) .
The upper part of Supplementary Data
Similarly, we tested the plausibility of the hypothesis of temporal stability of the relationship between depression and poverty by comparing the fit of the model with the structural coefficients constrained to be equal across waves (as a formal representation of the stability hypothesis) with a reference model where this constraint was removed. The results supported the validity of our assumption (differences in RMSEA, TLI and CFI < 0.01 for both the individual and household asset model).
The reliability of the depression and poverty measures was calculated from the model estimates as the proportion of the total variance of the indicators explained by the underlying latent variable (Raykov, 2001) . All three measures showed adequate reliability in each wave (ρ>0.86 for depression, ρ>0.95 for the household asset index and ρ>0.89 for the individual asset index).
The full structural models depicted in Figure 1 (one including individual assets and the other household assets) also showed adequate fit with the data, as indicated by the values of the fit indices in the lower part of Supplementary Data Table 1. The estimates were statistically adjusted for gender, race and baseline age and categorical education. Significance level for hypothesis testing was set at α=0.05.
The estimation of the models was performed using Mplus Statistical Software v. 7.3 (Muthén&Muthén, Los Angeles), taking into account the categorical nature of the indicators and the complex sampling scheme of the NIDS through the use of a weighted least square mean and variance adjusted (WLSMV) estimator. Missing data were incorporated in the analyses under the assumption that they were missing at random conditional on the observed covariates (Asparouhov and Muthen, 2010) .
Ethics
Ethical approval for NIDS was granted by the University of Cape Town Commerce Faculty Ethics Committee. Informed consent was obtained from all subjects participating in the study.
Results
Unweighted sample characteristics at wave 1 are shown in Table 1 . Table 2 summarises the distribution of the depression scores in the sample calculated as the sum of the scores in each of the 10 items of the CESD-10 scale, as well as the percentage of participants with scores above the cut-off of 12, considered as indicative of depression in South African populations (Baron et al., 2017) . Additional information regarding the proportion of participants with missing information for depression and asset indices in each wave is provided in Supplementary Data Table 2 . Descriptive statistics of baseline characteristics of subjects lost to follow-up is provided in Supplementary Data Table 3 . Table 3 shows the linear regression coefficients for the structural relationships between individual and household asset indices and depression, adjusted for gender, race, continuous age and categorical education (β paths in Figure 1 ). Given the intrinsic arbitrariness and incomparability of the scales of the latent variables representing the constructs of interest, coefficients are shown and interpreted in their standardised form in order to allow meaningful comparisons. The unstandardised model estimates are shown in Supplementary Data Table 4 . Table 3 , the individual asset index in each wave was negatively and significantly correlated with depression in the following wave. Depression also significantly predicted reduced individual assets in the following wave. Similarly, the household asset index in each wave was negatively and significantly correlated with depression score in the following wave.
As shown in
However, the reverse was not true, and the association between depression score in a given wave and household assets at the following time point was not significant.
Regression coefficients between the same variable measured at different points in time were all statistically significant and relatively large in magnitude, compared to the 'cross-lagged' coefficients representing the association across waves between different variables. In substantive terms these results indicate that both depression and asset ownership are relatively stable quantities, the measures of which at a given point in time are largely affected by their value at the previous point. The magnitude of the cross-lagged coefficients is relatively small but nevertheless statistically significant and in the expected direction for all of them. As a benchmark, the standardised coefficients for the effect of assets on future depression in Table 3 are of the same order of magnitude of the standardised gender effects on depression (which are -0.057 between wave 1 and 2 and -0.036 between wave 2 and 3).
To further explore the relationship between depression and future poverty, we re-estimated a simplified version of the model in Figure 1 twice, including only the first two waves of data. In the first model we introduced the baseline asset index as an effect modifier of the relationship between depression at wave 1 and individual assets at wave 2, and in the second model we relaxed the linearity assumption and we allowed for quadratic effects. From an analytical point of view the procedure, described in greater detail in the Supplementary Information, consisted in introducing in the model as an extra predictor of assets at wave 2, a latent interaction term between baseline depression and asset index in the first case and a latent quadratic term (baseline depression squared) in the second.
The low precision of the estimated regression coefficients of the new predictors does not allow
for strong interpretation of the results. However, their values suggest both the presence of some degree of effect modification by baseline assets and nonlinearity of the relationship between depression and future poverty.
In the first case the magnitude and sign of the new regression coefficient -standardised β = +0.006 (se=0.03) vs. -0.048 for the main coefficientsuggest that the "effect" of depression on future assets tends to be stronger among people with less baseline assets. In the second case the magnitude of the coefficient of the quadratic term -standardised β = +0.003 (se=0.02) vs. -0.039 for the main coefficient) suggests the presence of a non-linear relationship, with slight reduction of the effect with increasing baseline depression. Supplementary Data Figure 2 and 3 depicts the results of these analyses.
Discussion
Within the limitations of a large scale observational study, our findings support the hypothesis that the causal mechanism underlying the observed association between depression and poverty in a nationally representative sample of South African adults involves not only social causation but also social drift. The existence of a statistically significant association between depression scores at a given point in time and future asset ownership is coherent with the hypothesis of social drift, and cannot be attributed to reverse causation because of the temporal sequence implicit in the design of the study. Moreover, this association, albeit relatively small in magnitude, exists also after controlling for the association between asset ownership and future depression, which is coherent with the social causation hypothesis and is also found in our analyses. Importantly, among people with less asset resources at baseline, the effect of depression on individual assets is more pronounced, indicating the vulnerability of this group.
These findings partially support Dohrenwend's 1992 hypothesis regarding the importance of social causation in explaining the poverty-depression relationship (Dohrenwend et al., 1992) .
However, importantly they also demonstrate that there is substantial social drift and impoverishment due to depression when variables such as race, gender and baseline age and education are controlled for. This is the first time, to our knowledge that such a nationally representative longitudinal study has examined both social causation and social drift in a LMIC, and the first study to demonstrate that both social causation and social drift act simultaneously in a LMIC population, further reinforcing the poverty/depression relationship. This is in keeping with recent findings reported by Haushofer and Fehr that the stress and negative affective states caused by poverty, may yield risk averse decision-making and discounting of future rewards, favouring habitual patterns over goal-directed behaviour (Haushofer, 2014) . Taken together these cognitive styles and related low mood may serve to perpetuate cycles of poverty.
There are several possible explanations for the finding that social drift is not significant for household assets. Chiefly, household assets are less malleable than individual assets, and therefore depression is less likely to have an effect on household assets than individual assets over this short time period.
The further analysis of the moderating effect of baseline depression and assets sheds more light on the potential mechanisms of these relationships, and identifies vulnerable populations who might benefit from interventions. For example the finding that the effect of depression on individual assets was more pronounced among individuals with lower baseline assets, indicates that the social drift pathway may be more pronounced among those who have less resources to buffer themselves against the economic impacts of depression. This indicates both a potential mechanism (the importance of material resources in protecting individuals against the economic impacts of depression), and a vulnerable group who could benefit from social protection interventions such as disability grants for mental illness, thus preventing social drift.
The strengths of the study are: (1) the large sample and the repeated measures design which allowed for a direct assessment of temporality in the poverty-depression relationship, excluding hypotheses of reverse causality which are difficult to deal with in cross-sectional studies; (2) the representation of the theoretical constructs of both depression and poverty through the use of latent variables with multiple indicators, within the framework of structural equation modelling.
This choice allowed for an efficient treatment of random measurement error, with consequent increase of the precision and plausible reduction of bias in the estimation of the regression coefficients of interest; (3) the estimation methods which take into account the binary nature of the indicators, relaxing the implausible distributional assumption underlying more traditional methods. This approach also allowed for an efficient treatment of missing data, under the hypothesis that they are missing at random conditional on the observed covariates; (4) we undertook further analysis using household income per capita as a measure of poverty (instead of individual and household assets) and calculated the standardized structural coefficients of the cross-lagged model where the logarithm of the household income per capita is substituted for the asset index. The log-transformed variable was introduced rather than the original household income per capita, on account of the extremely skewed distribution of the latter. Our findings once again indicate the presence of both social causation and social drift using household per capita income as the poverty measure. Depression at time 1 significantly predicts worse household per capita income at time 2, and conversely, household per capita income at time 1 predicts worse depression status at time 2. All relationships are statistically significant.
The limitations of the study are: (1) the time span between data rounds is relatively short (only two years between waves, for a total of four years); (2) response rates are very unequal across ethnic and age/sex groups, therefore representativeness of the population is questionable; (3) loss of respondents between waves is relatively small for a large scale survey, but still large enough to introduce bias. Levels of depression were similar at baseline among those subsequently retained in the study and those lost to follow-up. In relation to other variables, those lost to follow-up were predominantly those with higher socio-economic status (white, higher income and with more tertiary education), although this has been mitigated by the adjustment of the sampling weights to take into account differential loss to follow-up (De Villiers et al., 2013) ; (4) the measure of depression is based on self-report and it might not adequately represent the underlying construct; (5) poverty is a complex multi-dimensional construct and asset ownership may have limitations as a proxy measure for poverty (although, as noted above the substitution of household per capita income for assets confirmed both social causation and social drift pathways); (6) the association between depression and poverty is likely to vary with age and gender, which we were not able to explore fully in this study; (7) at this stage there appears to be insufficient data to infer causality in these relationships; and (8) to test if their presence is able to adequately explain the observed data in absence of the direct effects hypothesised in the cross-lagged model (Newsom, 2015) . Two alternative models were tested against the data (the "Synchronous common factor" and the "hybrid" models (Newsom, 2015) ): in both cases the overall fit of the model was significantly worse than the fit of the original cross-lagged model for the association between depression and individual asset index, with some of the indices assuming values incompatible with an acceptable fit (Supplementary Data Table 6 ). This provides evidence -albeit partial and conditional on the validity of the modeling assumptions described in the supplementary informationagainst the hypothesis that the observed association between depression and future individual assets is only the result of the presence of unobserved confounding factors.
Previous research has shown that the increase in depression among the poor is attributable to increased life events and the lack of resources to cope with the consequences of those life events (Aneshensel, 2009; Dohrenwend et al., 1992) . Consequently, to adjust for the confounding effect of negative life events on the relationship between low assets and depression we conducted further structural equation modeling. We introduced as a new confounder the number of negative life events experienced in the two previous years, a list of which is available in the NIDS dataset.
As expected, the introduction of this confounder slightly reduces the size of the effect of depression on future assets, but the reduction is very small and does not change our interpretation. Qualitatively the same results also appear when binary versions of the number of life events, with different cutoffs, are introduced in the models. The new coefficients are presented in Supplementary Data Table 5 .
In keeping with the recent inclusion of mental health targets in the new 2015 Sustainable Development Goals, the findings of this study demonstrate the broad economic impact of depression in South Africa. Our study supports the hypothesis that poverty and deprivation not only precede depression, but are also an important consequence of depression. Further research is required in other LMIC to assess the relative importance of social causation and social drift.
From a policy perspective, there are two important implications: firstly that more policy priority should be given to the detection and treatment of depression, particularly in primary health care, as depression appears to be an important predictor of poverty; and secondly that increased policy attention should be given to the social determinants of depression at a population level. This requires more proactive social protection in the form of grants and bolstering savings and assets, in order to improve population mental health. Broad population level interventions to address poverty in LMICs like South Africa must therefore include robust prevention and treatment interventions for depression if cycles of poverty and mental illness are to be broken. items were imputed based on the mean score obtained in the remaining items. 
